This study used concept lattice model to construct formal context relation of formula attributes, and extracted the association rules among the attributes of object especially the tacit knowledge between the component dosage of formula and double decision attributes: the comprehensive score and the cost. Taking the ferment as an example, the key components and dosage that affect the effect and cost of formula were excavated and the formula that has good performance in both functionality and economy were selected. The results of this study contribute to rapid decision-making in the factor selection and quantitative configuration when developing new formulas.
INTRODUCTION
Formal concept analysis (FCA), proposed by Wille [1] in 1982, has been one of the effective tools for conceptual data analysis and knowledge processing through the construction of concept hierarchies [2, 3] . Nowadays, it has been successfully applied to a variety of fields such as knowledge discovery, data mining, machine learning and software engineering [4] [5] [6] [7] [8] [9] [10] . With the deepening of the research on FCA, the notion of a decision formal context was introduced by Zhang and Qiu [11] . They divided the attributes of a formal context into two parts: conditional attributes and decision attributes. Wei et al. [12] put forward the concept lattice attribute reduction theory of decision formal context and defined the strong coordination and weak coordination of the decision formal context. As we can see, rule acquisition has been one of the main purposes in the analysis of decision formal context [2, 3, [13] [14] [15] [16] [17] [18] [19] [20] . Several types of rules have been obtained, such as decision implications [13] , granular rules [14] and decision rules [15] [16] [17] . An important aspect of knowledge discovery is knowledge reduction. Li et al. [15] proposed a reduction method for decision formal context by using the discernibility matrix and Boolean function from the perspective of rule acquisition. And they presented a new algorithm with less time complexity for deriving the non-redundant decision rules from a decision formal context [18] in 2013. Besides, the relation and the difference between the decision rules oriented knowledge reduction and the granular rules oriented knowledge reduction were clarified. Recently, Li et al.
. [20] clarified the relationship among the existing reduction methods in formal decision context to provide evidence when selecting an appropriate reduction method for a given specific case. For the fact that the relational databases include decision attributes in the real world and decision formal context allows us to give a more particular explanation of the induced implications to meet users' different requirements, as an extension of the formal context, decision formal context often be used to implement special decision analysis through the concept lattice.
A formula contains a lot of tacit knowledge, including component type, component dosage, preparation procedure and so on. There is an important correlation among the component dosage, the relevant performance index and economic index of the formula. It is of great importance to analyze the relationship between the component dosage of the formula and these indexes for reducing the cost of the formula and improving the performance of its product. The traditional researches and discoveries of component dosage knowledge are mostly based on the experimental method to optimize formula. Such as literature [21, 22] both used single factor experiments and orthogonal experiments to optimize the black element yogurt ice cream formula and chicken essence formula respectively. In literature [23] , a regression equation was established based on the experimental results. The author studied the relationship between the proportion of each component and the indexes to seek the optimal formula combination. In literature [24] , Analytic Hierarchy Process (AHP) was used to evaluate the fragrance formula, which provided the basis for rationally selecting the fragrance formula. In literature [25] , the multi-attributes group decision-making model of lubricating oil formula was established on the experimental data. This experimental method is able to get the pros and cons for a number of specific formulae; however, it is undoubtedly not desirable with large scale of formula data. In addition, past formula researches mostly considered a variety of performance indicators, while the economic indicators, such as cost, have not been taken into account.
In this paper, we proposed the double decision attribute concept lattices considering the effect and cost of formula on the basis of the decision form context theory in the literature [18] . Taking formulas with different component dosage as research objects, components, performance indicators and economic indicators of formula as research properties, we constructed a decision attribute concept lattice between formula component and comprehensive score, component and cost, respectively. After that, the association rules were extracted in order to dig out the tacit knowledge hidden in component dosage, comprehensive score and cost. Therefore, we can make hidden knowledge explicit and provide help for business decision makers to develop new product formulas.
DOUBLE DECISION ATTRIBUTE CONCEPT LATTICES OF FORMULA
In this section, we review some basic notions related to formal concept analysis and decision formal context and put forward the double decision attribute concept lattices of formula.
, where U is a set of objects, A is a set of attributes and I is the binary relationship on
indicates that the object x has the attribute a 
are two formal contexts. Here, A and D are called the conditional attribute set and the decision attribute set of
, respectively. On the basis of the above definitions, the definition of decision formal context of the formula is defined as follow.
Definition 5 The decision formal context of formula is recorded as a quintuple
, where
} is a set of objects, m represents the number of formula types to be studied. } is a set of condition attribute, j represents the number of formula components. There is only one value in the sub-attribute {
..., , 2 1 } of each condition attribute equals to 1 (1 means that the object has this attribute), the others are 0. I is a binary relationship on
} is a set of double decision attribute (comprehensive score and cost of formula), k represents the number of sub-attributes of formula decision attribute. Similarly, there is only one value in the sub-attribute { ). Here, the comprehensive score of formula is divided into two groups: high and low (
the cost of formula is divided into three groups: high, medium and low (
). The decision attribute concept lattices of formula can be constructed by using the construction algorithm of lattice in literature [27] quickly. In fact, the construction process of concept lattice is the process of conceptual clustering [28] . Therefore, based on the concept lattice formed between the comprehensive score and each condition attribute of the formula, we can get the set of objects with high and low score respectively. Likewise, based on the concept lattice formed between the cost and the conditional attributes of formula, the set of objects with high, medium and low cost can be obtained respectively. In this way, all formulas can be classified into different groups according to the corresponding indicators. A general rule of component dosage of formula can be identified.
ASSOCIATION RULES MINING OF FORMULA
After a simple classification for formula based on the double decision attribute concept lattices, a further excavate the potential rule among formula component, comprehensive score and cost is needed. And while doing knowledge discovery, association rules are very useful in discovering the potential relationships and valuable knowledge that exist between the attributes [29] . Many scholars have studied the association rules mining based on concept lattice [30] [31] [32] [33] .
Definition 6 I is an item set, Definition 8 The min_ sup represents the minimum support threshold that the association rule must satisfy, the conf min_ represents the minimum confidence threshold that the association rule must satisfy. The association rules of which support and confidence bigger than sup min_ and conf min_ are called strong association rule in this paper.
In the process of mining the association rules of formula components, we can set the sup min_ and the conf min_ according to the two indicators defined as above. Using the extraction algorithm in literature [33] , we can extract the non-redundant association rules between the component dosage and the comprehensive score, the component dosage and the cost of formula respectively.
The kinds of key component j a and component dosage that influence the comprehensive score and cost of formula can be identified through the extracted association rules. Combined with the previous decision attribute concept lattice of formula, the good formula i U at a rock-bottom in the consideration of both performance and economy can be selected and the regularity of the components dosage in the good formula can be obtained.
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APPLICATION STUDY
Taking the ferment formula as an example, we constructed the decision attribute concept lattices between the ferment component and comprehensive score, the ferment component and cost, respectively. On the basis of decision attribute concept lattices, the corresponding association rules were extracted and the hidden knowledge of the ferment formula components was dug out.
Data Sources and Processing Method
Using the data in literature [23] and added the cost column to get the original data shown as the TABLE I in appendix. The original data consists of 25 groups of data objects of formula with different component dosage. Aloe vera, Chinese wolfberry, hawthorn, Chinese yam and Coix seed as 5 condition attributes, the comprehensive score and cost as two decision attributes.
First, the original data was dealt with fuzzy measure [34] . The components and comprehensive score of ferment was divided into two categories: high and low respectively, the cost attribute was divided into three categories: low, medium and high. The corresponding membership function is shown in Figure 1 . TABLE II in appendix shows the attributes-objects table of 25 group data after fuzzification. The mean value of each column was taken as the corresponding threshold value  and the values bigger than  were displayed in bold in the table. The bold data was taken as 1, and the other data was taken as 0 in TABLE II of appendix, where "1" indicates that the object has one attribute, while "0" indicates that the object does not have it.
The decision formal context formed by A-Aloe vera (%), B-Chinese wolfberry (%), C-hawthorn (%), D-Chinese yam (%), E-Coix seed (%) and comprehensive score (denoted by Z) is shown in TABLE I. Similarly, we can obtain the decision formal context of each component and cost (see the TABLE III in appendix). Here listed only a part of decision formal context because of space constraints.
Knowledge Generation Based on Decision Concept Lattice
The concept lattice shown in Figure 2 was obtained from the decision formal context of the ferment component and the comprehensive score. 25 objects, 8 conditional attributes, and 1 decision attribute generated 179 concepts. A1  A2  B1  B2  C1  C2  D1  D2  E1  E2  Z1 Using the concept lattice tool-Conexp, the concepts of high comprehensive score (Z2) and low comprehensive score (Z1) were obtained respectively. The process of generating concept lattice is the process of conceptual clustering. Therefore, we can get an object set with the high comprehensive score from Figure  3 : {3,6,7,11,12,17,18,22,23,24}. We can also get an object set with the low comprehensive score using the same method: {1, 2,4,5,8,9,10,13,14,15,16,19,20,21,25} . In this way, the formulas were divided into two categories: Z1 and Z2, one is the low comprehensive score means that the formula is poor, the other is the high comprehensive score means the formula is good.
Next, the concept lattice between the ferment component and the cost was obtained (Figure 1 in Appendix) with A-Aloe vera (%), B-Chinese wolfberry (%), C-hawthorn (%), D-Chinese yam (%), E-Coix seed (%) and cost (expressed in W).
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148 concepts were generated from 25 objects and 13 attributes. Similarly, the object set of low cost:{5,10,11,12,13}, the object set of medium cost:{1, 4, 6, 8, 9, 15, 16, 17, 18, 20, 22, 24 ,25} and the object set of high cost:{2,3,7,14,19,21,23} can be obtained (Figure 2 in Appendix). Correspondingly, the formulas were divided into three categories: low cost (W1), medium cost (W2) and high cost (W3).
Extract the Association Rules
By set the support threshold to 0.2 and the confidence threshold to 0.7.,we extracted 72 strong association rules from Figure 1 . Since we wanted to get the key components and component dosage which influence the effect of formula, it needed to obtain the strong association rules of which the antecedent rule was the component dosage and the consequent was the comprehensive score. Here we give the filtered association rules, as shown in TABLE II. TABLE II lists nine association rules, in which rules 1, 2, 3, 6, 9 are the association rules between each component of the ferment (i.e., the condition attribute) and the decision attribute: "low comprehensive score". Rule 1 (low content of Chinese wolfberry => low comprehensive score) and rule 3 (high content of aloe vera => low comprehensive score) showed that the low comprehensive score was mainly affected by low content of Chinese wolfberry and the high content of aloe vera. In addition, we can get a ferment formula with low comprehensive score: high content of aloe vera, low content of Chinese wolfberry, low content of hawthorn, high content of yam and high content of coix seed from these association rules. And rules 4, 5, 7, 8 are the association rules between each component of the ferment and the decision attribute: "high comprehensive score". Moreover, considering these association rules comprehensively, we can get one kind ferment formula with high comprehensive score: low content of aloe vera, high content of Chinese wolfberry, high content of hawthorn, low content of yam and low content of coix seed. Object 17 and object 22 meet such formula requirements, it can be seen that their comprehensive score is the highest from the original data table, indicating that the extracted association rules are in line with the actual situation.
Similarly, by set the support threshold to 0.15 and the confidence threshold to 0.6, we extracted 83 strong association rules from the concept lattice formed by ferment component and the cost. Since we wanted to get the key components and component dosage which affect the cost of formula, we needed to obtain the strong association rules of which the antecedent rule was the component dosage and the consequent rule was the comprehensive score. Here we give the filtered association rules, as shown in TABLE III.  TABLE III lists 10 association rules, rule 1 indicating that when the content of aloe vera and Chinese wolfberry is low, the cost is low. The confidence of rule 2 is 100%. Comparing with rule 1, we can see that the content of hawthorn has little effect on the cost. Comparing rule 3 with rule 9, we can see that the content of Chinese wolfberry has great effect on the cost. At the same time, rule 7 and rule 10 also confirm it. The confidence of rule 5 is 100%. Comparing with the rules 3, we can see that the content of aloe vera has significant impact on the cost. At the same time, rule 6 also proved this conclusion. Combining rule 8 with the previous conclusions (the content of hawthorn has little effect on the cost and the content of aloe vera has significant impact on the cost), we can see that the content of the coix seed has significant impact on the cost. However, rule 9 shows that the impact of the content of coix seed on the cost is less than the content of Chinese wolfberry. In summary, it can be concluded that the content of aloe vera and Chinese wolfberry have a great impact on the cost, the content of coix seed has a medium impact on the cost and the content of yam has little effect on the cost.
Tacit Knowledge Mining on Ferment Formula Component Dosage Based on Concept Lattice Association Rules
From the above mining and analysis of the concept lattice and association rules between the formula components and the double decision attributes (comprehensive score and cost), and taking the formula effect and the cost into account, the results in TABLE IV were obtained through the classification of 25 formulas. It can be seen that the formula 11 and 12 are of economic value from the table, because they take the high comprehensive score and low cost into account, and these two formulas both have the characteristics of low content of aloe vera, low content of Chinese wolfberry, high content of hawthorn and low content of yam. And it is also consistent with the previous mining based on the association rules between the ferment component and the comprehensive score. Therefore, the enterprise should meet that rule when developing the new formula of ferment. On the contrary, formulas 2,14,19,21 have not only low comprehensive score but also high cost. These formulas have high content of aloe vera, low content of Chinese wolfberry, low content of hawthorn and high content of coix seed. At the same time, they are also consistent with the conclusions drawn from the association rules 32 between the ferment component and the cost. So enterprise should avoid using this kind formula when developing new formula of ferment.
CONCLUSIONS
In this paper, the concept lattice knowledge is applied to the research of formula component for the first time. This paper constructed the double decision attribute concept lattices among the component, the effect and the cost of ferment formula, and extracted the non-redundant association rules. Considering two decision attributes: the comprehensive score and the cost of formula, excavated the key components and dosage that influence the effect and cost of formula. We selected the formula that has good performance in both function and economy and got the usage rule of component of the excellent formula. Finally, the validity of this method was verified by taking ferment as an example, realized the analysis for the problem of double decision attribute. The limits of this study are: it cannot accurately determine the specific dosage of each formulas from a quantitative point of view; and it only dig out the tacit knowledge contained in the formula component, without taking into account the kinds of components and the preparation procedure on the effect and cost of formula. In the future research, all of the above aspects should be considered for a deeper mining.
